Identification of residues responsible for functional specificity in enzymes is a challenging and important problem in protein chemistry. Active-site residues are generally easy to identify, but residues outside the active site are also important to catalysis and their identities and roles are more difficult to determine. We report a method based on analysis of multiple sequence alignments, embodied in our program Janus, for predicting mutations required to interconvert structurally related but functionally distinct enzymes. Conversion of aspartate aminotransferase into tyrosine aminotransferase is demonstrated and compared to previous efforts. Incorporation of 35 predicted mutations resulted in an enzyme with the desired substrate specificity but low catalytic activity. A single round of DNA back-shuffling with wild-type aspartate aminotransferase on this variant generated mutants with tyrosine aminotransferase activities better than those previously realized from rational design or directed evolution. Methods such as this, coupled with computational modeling, may prove invaluable in furthering our understanding of enzyme catalysis and engineering.
Introduction
The ability to predict which residues in a protein determine a specific function (e.g., substrate or reaction specificity, thermostability) is a long-standing and elusive problem in protein chemistry. One obstacle is that a compilation of diverse sequences, all of which have the same biological activity, includes a mixture of structural and functional information as well as evolutionary drift. For closely related enzymes of known structure, determinants of specificity can sometimes be gleaned by active-site comparisons and can be confirmed by mutagenesis. However, a growing body of evidence suggests that residues distant from the active site also contribute to functional properties. 1 Probing distant residues for their effects on activity by site-directed mutagenesis becomes impractical when many combinations of mutations require testing. If selection or screening for activity is possible, iterative rounds of directed evolution can be employed. However, only a small fraction of the sequence space can be sampled using current directed evolution methods, and many residues that may contribute to function may well be missed.
We report a bioinformatics method (named "Janus") to identify and rank amino acid residues that specify differences in functionality between two structurally similar proteins. Janus combines analyses of structural conservation and mutation correlations and is based on physicochemical properties of amino acids rather than amino acid identity alone.
It is used here to predict the mutations required to convert one enzyme into a structurally related one of different substrate specificity, drastically reducing the exploration of sequence space required to interconvert enzyme function.
A variety of methods for identifying functional positions from sequence alignments of two or more groups of proteins have been reported (evolutionary trace, 2 SDPpred, 3 GroupSim, 4 SCA, 5 etc.). Some methods, for example, WebProAnalyst, 6 allow correlation of activity with physicochemical properties but do not compare two or more families or sequences. Analysis of correlated mutations, including correlated physicochemical properties, within protein families has also received significant attention (Chakrabarti and Panchenko, 7 CRASP, 8 SCA 5 ). Most methods for comparing multiple families, with the notable exception of SCA, were primarily tested against benchmarks of existing data. To our knowledge, Janus is the only method created with transferring functional properties between proteins in mind and is validated experimentally here.
To calculate the functional importance of residues, Janus analyzes multiple sequence alignments (MSAs) of two structurally related proteins with distinct properties (referred to as "Start" and "Target" proteins) and includes structural information if available (see Supplementary Fig. 1 for an overview AAT transfers the amino group between dicarboxylic amino acids and their corresponding α-keto acids. TAT catalyzes the same reaction but with expanded substrate specificity that includes aromatic α-amino and α-keto acids.
of the algorithm). Janus scores the alignments by measuring differences in conservation and covariation of physicochemical properties between the two sequence groups and weights the scores according to their distance from the active site. The combined sequence and structural information is used to construct rank scores for residue-specific conservation (ID) and covariation (CvD). The ID and CvD scores, in addition to the predicted mutation required to impart Target functionality into the Start reference sequence, are output for all residues in the Start reference sequence that are not identical with the Target consensus amino acid.
Here, Janus is applied to the conversion of aspartate aminotransferase (AAT) into tyrosine aminotransferase (TAT) to evaluate the accuracy of its predictions. This is an excellent test case since the two enzymes are structurally homologous ( Fig. 1a ; rmsd = 1.5 Å) but sequence divergent (43% identity), and AAT has very low levels of catalytic activity toward aromatic amino acids.
Despite the difference in catalytic properties, no absolutely conserved set of active-site mutations distinguishes AAT from TAT, making the determinants of substrate specificity difficult to ascertain. Conversions of Escherichia coli AAT into enzymes with TAT activity have been performed by both rational design and directed evolution (random mutagenesis). [9] [10] [11] [12] With the use of these methods, the best enzyme found had a k cat value and substrate affinity significantly less than that of wild-type TAT. Therefore, residues other than those previously identified are important for converting AAT into TAT.
Based on Janus predictions, we initially constructed a 35-mutation variant of AAT (J0) that has aromatic amino acid affinities close to those of TAT but has a low k cat (0.07% of TAT; Table 1 ). However, starting with J0, a single round of back-shuffling with wild-type AAT resulted in enzymes with k cat values greater than literature ones for TAT and k cat /K m values similar to those obtained previously. Janus successfully identified residues required for converting the substrate specificity of AAT into that of TAT. It should be generally applicable for identifying residues that engender functional differences between proteins.
Results

Computational prediction of functional residues
AAT and TAT sequences used as Janus input were compiled by Rothman and Kirsch 10 and aligned with CLUSTAL. 18 An E. coli AAT structure [Protein Data Bank (PDB) ID 1ARG] 19 was used for structural information. Janus output consists of two scores, conservation (ID) and covariation (CvD), per residue in the MSA and a mutation for each residue 43 (4) 150 (10) 12 (1) 13 (1) 240 (10) 8 (1) 29 (3) 98 (5) We examined the Janus rankings of residues identified in previous experiments and the overall distribution of scores to determine how many of the highest-scoring predicted mutations to include in the initial construct. In previous experiments, 12 residues were identified as functionally important [9] [10] [11] [12] : A12, P13, N34, V39, K41, T47, N69, T109, G261, S285, A293, and N297. Four of these residues (P13, V39, K41, and T47) were not considered in Janus since the TAT consensus amino acid is identical with E. coli AAT. Seven of the remaining eight are found in the 10 top ID and CvD scores, and the remaining residue (A293) is ranked 13th in CvD. The overall distribution of scores suggested to us that, beyond the top 20-30 mutations for each score, a baseline is reached and relative rankings are no longer functionally significant ( Supplementary Fig. 2 ). Therefore, the top 20 mutations from each score were incorporated into wild-type AAT (Supplementary  Table 1 ), resulting in 35 unique mutations since 5 occur in both conservation and covariation scores. This set includes three residues lining the substrate and cofactor binding pockets and 32 in the second and third shell surrounding the active site (Fig. 2) .
Synthetic gene and back-shuffling
A synthetic gene encoding E. coli AAT with the top 35 predicted mutations (J0) was procured from DNA2.0 (Menlo Park, CA) and subcloned into an expression vector for characterization. The protein was expressed and purified (Supplementary Methods), and its steady-state kinetic parameters were measured (Table 1 ). J0 has binding affinities for Phe and Tyr close to those for TAT (whereas wildtype AAT shows no saturation with them) and a K m for phenylpyruvate (PP) of 0.6 mM. However, the k cat values for J0 are 1000-to 2000-fold lower than those for TAT with aromatic amino acids. Thus, the top 35 mutations gave the desired binding properties, but some of the mutations included were deleterious to catalysis. DNA shuffling 20 between J0 and wild-type AAT was performed to remove deleterious mutations. Since the total library size here is~10 10 , a genetic selection was required to sample a significant fraction of it.
The J0 back-shuffled libraries were transformed into the aminotransferase-deficient E. coli strain MG204 21 and plated on selective medium to select for TAT activity. Cells harboring plasmid-borne TAT grew in 2 days, while those with plasmid-borne AAT grew in 1 week. Fifty clones that provided growth faster than wild-type AAT were isolated and sequenced. These retained on average about half the mutations from J0, as expected based on the 1:1 ratio of J0 and wild-type AAT DNA used in the back-shuffling.
The growth data and active clone sequences were analyzed statistically. Linear models have been successfully applied to assess the impact of individual mutations in directed evolution experiments. 22 Thus, we chose stepwise linear regression to estimate the effect of individual mutations on TAT activity. We used growth rates of the 50 active clones and wild-type AAT as observations, with the variables being the presence or absence of the mutations (only 30 since several contiguous mutations were linked in all clones). We interpret a positive coefficient for a mutation as having a beneficial effect, a negative coefficient as deleterious, and mutations excluded from the model as having a small or inconsistent effect on activity. The linear model we generated suggests that I33V/ N34D, I73L, T109S, F221I, A229G, and V387I are beneficial; I9L, A12Q, G19S, A21N/D22E, I37V, L50M, A115G, S139T, S145A/V146I, I198A, F223I, Y256C, S285G, A290L/I291A, A293T, N297S, M333L, and M392L are neutral (excluded mutations); and N69T, I76L, V135I, G261S, I353V, and F362Y/S363L are deleterious (Supplementary Table  2 ). The neutral mutations S285G, A293T, and N297S, as well as deleterious mutations N69T and G261S, are notable since these residues were mutated in previous AAT variants. It is possible that their impact is context dependent or smaller than expected since these mutations were not tested individually in previous experiments. Only one beneficial mutation lines the substrate binding pocket (T109S), consistent with the idea that mutations beyond the active site have a significant impact on enzyme functionality.
The increase in growth rates achieved by backshuffling with AAT confirmed that the 35 mutations included in J0 included deleterious ones. Although back-shuffling with the wild-type gene proved efficient in this instance, it would be better to identify deleterious mutations a priori and remove them from the list. One way to achieve this might be to model computationally their effects on protein stability and/ or ligand binding energy.
Using Rosetta, 23 we evaluated the predicted substrate binding energy and protein stability for the 50 active enzymes identified through backshuffling, as well as 44 inactive enzymes that were also identified in back-shuffling. Protein sequences were modeled using the 1ARG structure as template with phospho-5′-pyridoxyltyrosine modeled in the active site. Full-atom energies for the entire protein and the ligand interface are depicted in box plots, split into active and inactive groups, in Fig. 3 . There is a significant difference in the distribution of whole-protein energies but very similar distributions for the ligand interface energy. This is confirmed by the two-sample Kolmogorov-Smirnov test, giving p-values of 4.54 × 10 − 5 and 0.632 for complete enzyme and ligand interface energies, respectively. This suggests that Janus could be productively followed up with modeling to eliminate at least some deleterious mutations and that modeling provides orthogonal information to Janus. However, Rosetta in its current state could not discriminate between active and inactive sequences based solely on active-site interactions.
Kinetic characterization
Six of the fastest growing clones (referred to as J1-J6), each with 13-19 of the original mutations, were kinetically characterized (Table 1 and Supplementary Table 3 ). All beneficial mutations identified by linear regression are present in all six clones, with the exceptions of I73L (five of six clones) and V387I (three of six clones). Most deleterious mutations are found in two or fewer clones; however, N69T and I76L are surprisingly found in six and five of these clones, respectively. The general trend is that backshuffling dramatically improved k cat relative to J0, with three variants having higher k cat values for Tyr compared to TAT values (Supplementary Table 3 ). The improved k cat values generally come at the expense of aromatic amino acid affinity, with K m for Phe reaching as high as 85 mM.
Although K m for aromatic amino acids increased relative to J0 for all back-shuffled mutants, K m for PP (the aromatic substrate under selection) improved in all those characterized (K m for PP as low as 0.15 mM). Importantly, the PP and Glu k cat /K m values, the kinetic parameters under selective pressure during back-shuffling, generally increased 1000-fold over J0. J1, the clone with the best overall kinetic parameters, has 13 mutations compared to wild-type AAT. Compared to J0, back-shuffling improved the J1 k cat / K m values for amino acid substrates 60-to 280-fold, largely by restoring near-wild-type k cat values (Table 1) . J1 has k cat /K m values for the dicarboxylic amino acids Asp and Glu similar to those of wild-type TAT. Compared to the rationally designed HEX mutant and the evolved mutant 8-2B, J1 has~10-fold weaker aromatic amino acid affinity but exhibits up to 10-fold higher k cat. 10, 12, 17 The k cat /K m values for J1 with aromatic amino acids are similar to those reported for HEX and 8-2B and are 20-to 70-fold lower than TAT. Most importantly, the J1 k cat /K m value for PP is 1400-fold greater than J0 and is 60-fold greater than wild-type AAT.
Structural characterization
The X-ray crystal structures of wild-type AAT and J1-J6 were solved to provide a structural basis for understanding how the mutations influence substrate specificity (Supplementary Table 4 ). Each enzyme was crystallized in the unliganded, open conformation with pyridoxal-5′-phosphate (PLP) covalently bound to the active-site lysine (K258). Overall, the structures of J1-J6 are very similar to that of wild-type AAT, with a C α rmsd ranging from 0.575 to 0.723 Å (Supplementary Fig. 3) .
The largest structural differences are seen in the conformation of the small domain. In solution, the enzyme is in equilibrium between an open (substrate binding) and a closed (catalytically active) conformation, with the small domain rotating~6°toward the large domain in the closed structure. 24 The mutant conformations are all closer to the closed wild-type conformation (average C α rmsd = 1.5 Å for J1-J6 versus wild-type AAT closed conformation) than the open wild-type structure solved here (C α rmsd = 1.7 Å for open conformation AAT versus AAT closed conformation; Supplementary Fig. 4) . A shift of the equilibrium to the closed conformation was also suggested to play a role in the expanded substrate specificity of the HEX mutant. 25 The most significant differences at the cofactor and substrate binding pocket occur in the W140 loop (Fig. 4) , which participates in both PLP and substrate binding. In most mutants, the W140 loop is shifted further into the cofactor binding pocket, possibly due to the S145A mutation present in all of them since the Ser145 side-chain hydroxyl interacts with the main-chain carbonyl of Pro141 in wild-type AAT. A rotation of the cofactor ring and the W140 side chain is also observed for some mutants. The conformation of the S139T side chain varies significantly relative to wild type, but this mutation is only present in two variants.
Although one expects changes in the size and/or shape of the active site to occur with altered substrate specificity, the kinetic parameters of the mutant enzymes do not clearly correlate with any single physical property of the active site. Of the three possible mutations lining the substrate binding pocket, two (I37V and T109S) are found in all six mutant structures and one (N297S) is observed in the two. From regression analysis, T109S is expected to have the most significant beneficial impact on TAT activity.
The most active mutant, J1, has only two mutations within 8 Å of the substrate binding site (I37V and T109S; Fig. 5 ). Six more mutations are found in the second shell around the active site (8-16 Å): N34D, N69T, I73L, S145A, V146I, and V387I. The remaining mutations are beyond 16 Å from the active site: I33V, I76L, A115G, F221I, and A229G. All six regression-identified beneficial mutations are present in J1, as are two deleterious (N69T and I76L) and several neutral ones. The mutations in J1 do not drastically reshape the substrate binding pocket. I37V and T109S may function by expanding the volume of the pocket to accommodate aromatic substrates. T109S may also stabilize an alternative hydrogen bond network for aromatic substrate binding, similar to that observed in Paracoccus denitrificans TAT. 26 The remaining beneficial mutations are too far from the active site to assign functions. Hopefully, future studies will shed light on how these mutations enhance catalysis, possibly through active-site dynamics and interacting networks of residues.
Discussion
The conversion of AAT into TAT was chosen as a proof of concept for the Janus algorithm, since previous results from rational design and random mutagenesis provide an important context. Janus dramatically reduced the effort required to find AAT mutants that complement a TAT-deficient bacterium and that are efficient catalysts in vitro. There are 194 amino acid differences between E. coli AAT and the consensus sequence for TAT. An exhaustive analysis of these mutations would require that 2 194 (10 58 ) unique sequences be tested. By reducing the number of mutations under consideration from 194 to 35, we reduce the mutational sequence space to 2 35 (10 10 ). This latter number is within the scope of current experimental techniques (e.g., gene shuffling) for testing libraries.
The genetic selection employed here on backshuffled mutants led to dramatically improved k cat values, weaker affinity for aromatic amino acids, and slightly improved affinity for PP. This is logical since PP and Glu (the in vivo amino donor) are the substrates under selection. In this regard, backshuffling and selection led to a 1400-fold increase in the efficiency of J1 over J0. The observed increases in k cat are significant due to the apparent difficulty in achieving high turnover rates in enzyme design. 27 We sequenced a large number of clones and measured their relative fitness using growth rates on our selective medium. Regression analysis of these data allowed us to evaluate the relative strength of the conservation and covariation scores. Beneficial mutations identified by linear regression were largely predicted by the conservation score, while deleterious mutations were split evenly between conservation and covariation (Supplementary Table 2 ). This suggests that the conservation score is more powerful for identifying functional residues, but it is not clear how great the difference in predictive power is based on the present results.
It is also possible to evaluate the influence of the distance weight on both scoring methods by examining the unweighted conservation scores and covariation scores (I i and Cv i , respectively; see Janus output file in Supplementary Materials). The top 20 I i scores would have kept 17 of the 20 mutations predicted by ID i scores, including all the beneficial conservation score mutations from the regression analysis. However, the top 20 Cv i scores would only retain 4 of the 20 CvD i mutations, of which three were neutral and one deleterious in our regression analysis. Therefore, the conclusion from the present data is that the distance-weighted conservation is relatively insensitive to location in the protein but the covariation score is heavily influenced by distance from the active site. While these trends apply to the specific example presented here, more general conclusions require additional diverse applications of Janus to provide a broader basis.
The results presented here show that Janus can identify mutations, both within and beyond the active site, that contribute to enzyme functionality. The central hypothesis in Janus is: conservation of chemical properties determines biological functionality, while dissimilarity in chemical properties at equivalent positions determines functional differences. Janus extracts this information from sequence alignments and weights it based on distance from the active site. No specifics regarding the catalytic mechanism are necessary, and computational modeling can provide orthogonal information that can be incorporated. Unlike current de novo enzyme design methods, Janus does not require construction of a theozyme to be grafted onto an existing enzyme scaffold. 28 On the other hand, Janus is limited to functional properties that already exist in nature. Nevertheless, its utility is expected to encompass not only catalytic properties but also other properties of proteins such as thermostability that can be gleaned from MSAs of different families. Further development of sequence analysis tools such as Janus and their integration with molecular modeling should enable robust identification of functionally important residues. These methods will be important in understanding enzyme catalysis in general and, in particular, in deciphering how residues outside the active site participate in catalysis.
Methods
Mutation prediction and synthetic genes
The Janus algorithm is described in detail in Supplementary Materials. The version of the Perl script used to generate the predictions in this experiment (Janus16v6), along with the current version and input and output, is available as Supplementary Materials. AAT and TAT sequence sets were subsets of the sequences originally compiled by Rothman and Kirsch. 10 Residues 109 and 297 were required to be Thr and Asn, respectively, to be considered as an AAT. The AAT and TAT sequence sets were aligned with CLUSTAL X 1.83 18 in multiple alignment mode using the BLOSUM 30 substitution matrix, gap opening penalty of 10, and gap extension penalty of 1. The Research Collaboratory for Structural Bioinformatics PDB entry 1ARG
19 was used as the reference structure with E. coli AAT as the reference sequence. Distances to the active site were measured using the CG atom of phospho-5′-pyridoxylaspartate as the active-site center. Tables of linear correlation coefficients were generated for volume, polarity, and hydrophilicity on the CRASP server 8 with default settings, gap threshold set to 10%, and variability threshold of 3.
The J0 protein sequence was designed by incorporating the top 20 predicted mutations from the Janus ID and CvD scores into wild-type E. coli AAT, resulting in 35 unique mutations. A codon-optimized synthetic gene encoding J0 was procured from DNA2.0. A wild-type AAT gene with maximum nucleotide identity to J0 was also ordered to optimize DNA shuffling between J0 and wild-type AAT.
Library construction and selection for TAT activity
The selection for TAT activity was based on the arabinose-inducible vector pBAD (Invitrogen) and the aminotransferase-deficient strain MG204 21 (genotype his23, proB, trpA-605, lacI3, lacZ118, gyrA, rpsL, Δasp-Cãkanr, tyrB, ilvE, recA:tn10). AAT, TAT, and J0 were subcloned into pBAD for selection and DNA shuffling experiments. Selective medium consisted of M9 salts with 15 g/L agar, 0.4% (w/v) glucose, 0.02% (w/v) L-arabinose, 100 mg/L ampicillin, 100 mg/L kanamycin, 15 mg/L tetracycline, and 50 mg/L of each of the 20 standard amino acids except Tyr and Phe. Untransformed MG204 incubated at 37°C is unable to produce colonies on this medium. Colonies of MG204 transformed with pBAD-AAT appear in 7 days. MG204 transformed with pBAD-TAT grow colonies in 2 days. MG204 transformed with J0 is unable to produce colonies on selective medium.
A back-shuffled library of J0 and AAT was generated by in vitro DNA shuffling 20 using a protocol adapted from Suenaga et al. 29 Parent genes were PCR amplified from pBAD plasmid DNA using specific skew primers in order to reduce the background level of unshuffled parental sequences. 30 Equimolar quantities of both PCR amplified parent genes were combined and digested with 0.6 U DNase I (NEB) in 100 μL of 100 mM Tris-HCl (pH 7.4) and 1 mM MnCl 2 for 30 min at 15°C, followed by DNase I inactivation at 90°C for 10 min. Fragments of~50 bp were purified from a 2.5% low melting agarose gel with a Takara Recochip (Takara Bio, Inc.) followed by removal of ethidium bromide by a Centri-Sep desalting column (Princeton Separations).
The purified fragments (10 μg total) were resuspended in a PCR mixture (200 μM each dNTP and 1 × Pfu DNA polymerase reaction buffer), and 2.5 U PfuTurbo DNA polymerase (Stratagene) was added per 100 μL reaction mixture. The following thermocycler program was used for reassembly: 94°C for 5 min; 94°C for 1 min, 52°C for 1 min, and 72°C for 1 min plus 5 s each cycle (45 cycles); and 72°C for 10 min. The reassembled product was amplified by conventional PCR using skew primers to select for products with at least one crossover. The amplified library and pBAD vector were digested with restriction enzymes XhoI and HindIII and ligated with T4 DNA ligase at a 10:1 insert-to-vector molar ratio.
Ligations were transformed into electrocompetent MG204 cells by electroporation using standard techniques. 31 Cells were rescued after electroporation with SOC media without antibiotic for 1 h at 37°C with shaking. Prior to plating, the cells were pelleted at 1000g for 5 min, the supernatant was aspirated, and the pellet was gently resuspended in warm M9 minimal media with 0.4% (w/v) glucose to remove excess Phe and Tyr from the SOC media. For identification of active clones, transformants were plated on selective medium and incubated at 37°C for up to 10 days. Active clones were assigned growth times for the appearance of colonies at 24-h intervals. For identification of inactive clones, transformants were initially plated on rich medium with antibiotics, and then plasmid DNA was isolated and re-transformed in MG204 and was plated on selective medium as described above. Clones from rich medium that were unable to grow on selective medium in 10 days were classified as inactive.
Protein expression, purification, and kinetic characterization
The D-hydroxyisocaproate dehydrogenase (DHDH) gene was cloned from Lactobacillus casei genomic DNA for use as a coupling enzyme for steady-state assays on phenylalanine and tyrosine due to its broad substrate specificity for hydrophobic α-ketoacids.
32 L. casei was a gift from Jeff Broadbent (Utah State University). Genomic DNA was extracted using a GenElute Bacterial Genomic DNA Kit (Sigma-Aldrich). The gene was amplified by PCR and cloned into pET-28 (Novagen) with a C-terminal Histag for expression and purification from E. coli BL21(DE3). Cells were grown at 37°C until OD 600 = 0.08 when the temperature was shifted to 42°C to promote expression of chaperone proteins. At OD 600 = 0.6, the temperature was dropped to 22°C and expression was induced with 0.7 mM IPTG. Cells were harvested after 20 h, lysed by sonication, and DHDH was purified from the soluble fraction by Ni 2 + -affinity chromatography. The protein yield after purification was approximately 100 mg from 6 L of culture. Malate dehydrogenase (MDH) and glutamate dehydrogenase (GDH) were purchased from Calzyme Laboratories, Inc., for use as coupling enzymes for activity assays on aspartate and glutamate, respectively. E. coli MG204(DE3) was prepared with a λDE3 lysogenization kit (Novagen) for overexpression of J0. J0 was subcloned into pET-46 (Novagen) with an N-terminal His-tag and overexpressed in MG204(DE3). Cells were grown in LB with appropriate antibiotic at 37°C to an OD 600 of 0.6, induced with 1 mM IPTG for 6 h, then harvested and lysed by sonication. J0 was purified from the soluble fraction on a Ni 2+ -affinity column by FPLC (fast protein liquid chromatography) and eluted with a linear 10-250 mM imidazole gradient. Secondary purification was performed by FPLC on a FastQ anion-exchange column (Pharmacia). Steady-state assays were performed at 25°C in 100 mM Hepes (pH 7.5), 100 mM KCl, 20 μM pyridoxamine-5′-phosphate, 150 μM NADH, and 2 μM J0.
We used 1 U/mL MDH for aspartate assays, 0.5 U/mL DHDH for tyrosine and phenylalanine assays, and 1 U/mL GDH for glutamate assays. Glutamate assays were supplemented with 10 mM ammonium acetate as cosubstrate for GDH. Reactions were followed by disappearance of NADH at 340 nm.
Wild-type AAT and six of the fastest growing shuffled clones (J1-J6) were subcloned into pET-45 (Novagen) with an N-terminal His-tag and overexpressed in BL21(DE3). 2+ -affinity chromatography as described above. After affinity purification, ammonium sulfate was added to 95% saturation as a concentration and secondary purification step. The ammonium sulfate precipitate was pelleted by centrifugation (4000g, 20 min, 4°C), and the supernatant was removed by aspiration. The pellet was resuspended in a small volume of saturated ammonium sulfate for storage. Steady-state assays were performed at 25°C in 100 mM triethanolamine-HCl (pH 7.5), 100 mM KCl, 20 μM PLP, 150 μM NADH, and 1-10 nM enzyme. We used 1-10 U/mL MDH for aspartate assays, 0.5 U/mL DHDH for tyrosine and phenylalanine assays, and 1-10 U/mL GDH for glutamate assays. Glutamate assays were supplemented with 10 mM ammonium acetate as cosubstrate for GDH. Reactions were followed by disappearance of NADH at 340 nm.
Crystallization
His-tagged wild-type AAT and J1-J6 were crystallized by hanging-drop vapor diffusion. Proteins were concentrated to 10 mg/mL in 20 mM triethanolamine-HCl (pH 7.0) and 100 mM KCl prior to crystallization. Drops of 5 μL protein were mixed with 5 μL precipitant solution and microseeded with crushed AAT crystals. AAT, J3, and J4 were crystallized with 0.1 M sodium acetate (pH 4.6) and 8% (w/v) polyethylene glycol (PEG) 4000; J6 was crystallized with 0.1 M sodium acetate (pH 4.8) and 8% (w/v) PEG 4000; and J1, J2, and J5 were crystallized with 0.1 M sodium acetate (pH 5.0) and 8% (w/v) PEG 4000. Drops were equilibrated for 2 days at 4°C. AAT, J3, J4, and J6 crystals were frozen with liquid nitrogen in 30% (v/ v) 2-methyl-2,4-pentanediol; J1, J2, and J5 crystals were frozen in 30% (v/v) ethylene glycol.
Data collection and refinement
Data for J1, J2, J4, J5, and J6 were collected in-house with a Rigaku RU-H3R rotating anode X-ray source and diffraction data collected on a Bruker Smart 6000 CCD. The remainder of the data were collected on beamline 9-2 at the Stanford Synchrotron Radiation Lightsource. Diffraction data were processed with XDS. Crystal parameters, data collection, and refinement statistics are given in Supplementary Table 4 . The structures were solved by molecular replacement using E. coli AAT (PDB ID 1ASE) as the search model. Model building was performed with COOT. Refinement, including TLS parameters, was accomplished with REFMAC followed by Phenix. Individual isotropic B-factors were refined for structures refined at a resolution greater than 2 Å. Group occupancies were refined for residues with multiple conformations, as well as water, acetate, 2-methyl-2,4-pentanediol, and ethylene glycol molecules. TLS refinement used groups determined by Phenix. The PDB IDs for the structures reported here are as follows: wild-type AAT, 4F5M; J1, 4F5F; J2, 4F5G; J3, 4F5H; J4, 4F5I; J5, 4F5J; J6, 4F5K.
Regression analysis
Forward stepwise linear regression was performed with the MASS package in R. 33, 34 Growth times for each active clone on selective medium were converted into growth rates by taking the inverse of the growth time in hours and normalizing to a TAT growth rate of one. Growth rates were used as the dependent variable, and each mutation term was assigned a value of zero or one for wild type or mutant, respectively. Five pairs of mutations contiguous in sequence were linked in all clones and are listed as single terms for analysis (e.g., I33V/ N34D), leaving 30 independent variables.
Rosetta modeling
Sequences of the active and inactive clones were modeled with Rosetta 23 to examine structural differences between active and inactive enzymes. Alignments to template structures were generated using standard methods. 35 Full-atom models of protein structures were built using the standard Rosetta comparative modeling protocol 36 with distance restraints designed to focus search near the template structures. 37 We inferred details of ligand interactions by comparison to the phospho-5′-pyridoxyltyrosine complex modeled into the wild-type AAT structure 1ARG. The interface between the ligand and modeled protein was jointly optimized using the Rosetta full-atom energy and catalytic restraints. 38 For each protein, 100 models were made, which were assembled into clusters by pairwise structural similarity, and the lowest energy model from the biggest cluster was defined as a representative structure for the sequence. For each representative sequence, the Rosetta full-atom ligand interface energy and full-atom energy was extracted and analyzed. The twosample Kolmogorov-Smirnov test was performed in R.
Accession numbers
PDB IDs for the structures reported here are as follows: wild-type AAT, 4F5M; J1, 4F5F; J2, 4F5G; J3, 4F5H; J4, 4F5I; J5, 4F5J; J6, 4F5K.
